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The development of Llinear models
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A simple example for applying binomial distribution
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“Sampling” using Monte Carlo Markov Chain method
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How to “sample” from posterior distribution
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How to design hierarchical models
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How to use JAGS sampler?
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MCMCOOOOOOOOOOOO A simple example for applying binomial distribution

. MCMCOOOOOOOOOooOOo

A simple example for applying binomial distribution
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MCMCOOOOOOOOOOOO A simple example for applying binomial distribution

a simple example
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MCMCOOOOOOOOOOOO A simple example for applying binomial distribution

binomial distribution

gootd g o O o oOogod

e JUUU0O0OULOLULOLUOLULUUOD DDDbLDDDO
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e IO DOO
e 00 ODDLDLODLDLDDLDDLODLDDDDDOD g
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MCMCOOOOOOOOOOOO A simple example for applying binomial distribution
maximum likelihood estimation for binomaial distribution

00000000 oooooooooo (MLE)

e 0000 L(q|D0OD0O)0DOOODOOOOODOD ¢qOOOO
googod

e D000 logL(g|000)O
¢000000 0000 §
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A simple example for applying binomial distribution
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ooooo mcMCOOoOoooo “Sampling” using Monte Carlo Markov Chain method

2. 00000 MCMCOOODOO

“Sampling” using Monte Carlo Markov Chain method

oooog MCMCcOOOO!
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ooooo mcMCOOoOoooo “Sampling” using Monte Carlo Markov Chain method

Maximum likelihood Estimation (MLE) vs. MCMC
oooboooo: 000 MCMC OOOoooono

0000000000 (booo)booooooo

gobobooon

Markov chain Monte Carlo (MCMC) D00 O0O0O0O0000OOO
0000 (Metropolis method) 000 OO

OoobooOo:000booooooooog.....r?

MCMCOOOODODOOOOOOOOOoooOODOO
gboboboboboboboboboboob
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log likelihood
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“Sampling” using Monte Carlo Markov Chain method
O0doodd o oooodoon
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“Sampling” using Monte Carlo Markov Chain method
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“Sampling” using Monte Carlo Markov Chain method
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ooooo mcMCOOoOoooo “Sampling” using Monte Carlo Markov Chain method
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“Sampling” using Monte Carlo Markov Chain method
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“Sampling” using Monte Carlo Markov Chain method
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“Sampling” using Monte Carlo Markov Chain method
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“Sampling” using Monte Carlo Markov Chain method
MCMC O0OO0O0ooooooooa?
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“Sampling” using Monte Carlo Markov Chain method
MCMC O0O0O0O0O0OO0O0O00O g OOO0OO
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“Sampling” using Monte Carlo Markov Chain method
Oooooooooon
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MCMCOOOOOOOOOO How to “sample” from posterior distribution

3. MCMCOOOODODDOOOOon

How to “sample” from posterior distribution
p p

“Gibbs sampling” OO0 O0O0O0O0OO0OOOOO......
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MCMCOOOOOOOOOO How to “sample” from posterior distribution

gooooooooooo MeMCcooooo?

olLUUuOogg
e JO:00bO0O0ODLO0ODbLO0ODOOn

e J0:0000000000 MCMCUOOOOOOOOOOOOOO
oo

® ROOODODO package

e 00:0000000O00O0DOOO package D00
e J0:00000D000

® “BUGS” O “Gibbs sampler” OO O OO0O0O

e J0:00000O0O0O0OODOODOO
e JJ0O0O0OO0OOODOOOODOOOODOOn

e 0000 “Gibbs sampler” 0007
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How to “sample” from posterior distribution
OO0Ooodg MCMC ODOoOoOoong

ODo0O000 MCMC

e [|JUOUODL:ODUL0LUOLLObLUOOOO
MCMC

e JObOUObOOOobOoobuoobuoo:-boobooa

e IO DbDLDDD. 000000000000
MCMC

e 0000 (DOOOUDDOO)ODODODOOOOODOOO
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How to “sample” from posterior distribution
Gibbs sampling 00007

e MCMCODODODOOOODODODO
e JO00DODOOOOO MCMCOOOODODOOOO
e J:000DOOO By O By O Gibbs sampling

® 500000000000

® s 0000000000000DO0O0O0DO0OC0O B 0 MCMC
sampling 0 OO (0 OO OOOOH)

® 5, 00000000000000000000 B, 0 MCMC
sampling 000 (DO OOOOOMH)

®2 -3 000000

e JUODODO 9UOOODLDDODO
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How to “sample” from posterior distribution
O0: Gibbs Samplmg (00DODOODODOOO 90)
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step | v § ¥

o o
<] ° y =S o
1 ® ® ® ®
@ o o @ o o
® oo ® oo
o, oo, q
< @ 16 18 20 22 24 < @ 002 002 006
B P
L — L
3 45 6 7 3 45 6 7

\J
step - \1, r N

o °
24 o e o
2 ® ® ® ®
@ r—) @ o o
® 0o ® o o
o o ofo q
o °
< @ 16 18 20 22 24 <« @ -0.02 0.02 0.06
B B
N S
3 45 6 7 3 45 6 7

o] ° ES o

3 ® ® ® ®
@ o o - Gl

! ® oo @ o o

; of o ©f o q

16 18 20 22 24 P 002 002 006
B ;3

Yo
kubo (http://goo.gl/76c4i) dooooooooo (2) 2018-01-23 27 /81


http://goo.gl/76c4i

How to “sample” from posterior distribution
D00 “BUGS” 00 Gibbs sampler OO

e BUGSODO (+ 00000)0000D0ODODO
goobooboooood

e WinBUGS — O0OOOOO...... ooooar?
e OpenBUGS — O0OD0OODOODODOO?Y
e JAGS —00O000O00OOOOO OSOOOO

e Stan — 0 OOOOOO
0000000000 ...

® [J [0 0O: nttp://hosho.ees.hokudai.ac.jp/~kubo/ce/BayesianMcmc.html

ooo.... BuGSOoooov?
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How to “sample” from posterior distribution
OO00000000 BUGSOOOOODOOO

F—4 Y[i]
BEFHBEDOIEDEFEH

4
: BUGS OODODOO
“IEnf o
dbin (q, 8) for (i in 1:N.sample) {
Y[i] ~ dbin(q, 8)

EFHER o ¥

[l N " dunif (0.0, 1.0
BERBAMDT q ~ dunif( )

gooobobobobbooboobooboon

BUGSDOOD: O0OO0OooOO0OoOoooDOoO

Spiegelhalter et al. 1995. BUGS: Bayesian Using Gibbs Sampling version 0.50.
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How to “sample” from posterior distribution
O0000 OSoooo JAGS4.2.0

R core team U 0 00O Martyn Plummer OO OO O
® Just Another Gibbs Sampler
c+00oooooon
e ROOODODOODODODOOODODOO

® Linux, Windows, Mac OS X OO 0OOOOO0O
e JODOOO
e ROUOUODOO: library(rjags)
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How to “sample” from posterior distribution
JAGS 0O RO “000CO” 0O0DDOO
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How to “sample” from posterior distribution
ROO JAGSOODOOOOODOOOOOODO (1/3)

library(rjags)
library (R2WinBUGS) # to use write.model()

model .bugs <- function()
{

for (i in 1:N.data) {

Y[i] " dbin(q, 8) # U UOOOODOODO

}

q ~ dunif(0.0, 1.0) # q UOOODOOODOO
}
file.model <- "model.bug.txt"
write.model(model.bugs, file.model) # DO DO UODOOU

# Ooodoo......
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How to “sample” from posterior distribution
ROO JAGSOODOOOOODOOOOODO (2/3)

load("mcmc.RData") # (data.RData [0 O[O mcmc.RData!!)
list.data <- list(Y = data, N.data = length(data))
inits <- list(q = 0.5)

n.burnin <- 1000

n.chain <- 3

n.thin <- 1

n.iter <- n.thin * 1000

model <- jags.model(
file = file.model, data = list.data,
inits = inits, n.chain = n.chain

# Uogogoogdo......
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How to “sample” from posterior distribution
ROO JAGSOODOOOOODOOOOOODO (3/3)

# burn-in

update (model, n.burnin) # burn in

# UUODOOOOOOO post.memc.list OO
post.mcmc.list <- coda.samples(
model = model,
variable.names = names(inits),
n.iter = n.iter,
thin = n.thin
)
# OO0
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MCMCOOOOOOOOOO How to “sample” from posterior distribution

burn in 0007 - 0000000O0OODOOO0O

= 0o
- 00
O w
DO
':'v
U o
O
D‘C‘)". Ooo00000o0
0000000 000000 .
T T T T
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MCMC step O
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How to “sample” from posterior distribution
Oo0o0oooooooooondn

0| R=1.0190 MCMCOOOO

chain 3

chain 2~

chain 1

my HRERN
=y oooo......

R=25200 MCMCODOODO

HRERN
oooo!

kubo (http://goo.gl/76c4i)
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How to “sample” from posterior distribution
A
00000 R OO

® gelman.diag(post.mcmc.list) — 0000
® R-hat [J Gelman-Rubin OO0 O0OOOOO

~ var
. I/I(/@/le)
vart (uly) = ——W + —
oW :D0UODOODOODO variance O OO
o B:0UO0OOUOODO variance
o Gelman et al. 2004. Bayesian Data Analysis. Chapman & Hall/CRC

o
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How to “sample” from posterior distribution
Gibbs sampling — 0000000

® plot(post.mcmc.list)

Trace of Density of q
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GLMODODOOOoDOoooooo! How to design hierarchical models

4. GIMOODODOODDOOOOOooOO!

How to design hierarchical models

oooooboobooobooooboon
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GLMOOOOoOoooooooo! How to design hierarchical models

O0DO00000OoOooOooooooa!

ooboobooog s 403 0000 ODOODOOOOO
gbobos00000oogn.....

3_
e .
[ ]
ooooo B
oooooQ = °

5
]

0
1

2 4 6 8
ooboooono y

gooooobboooooobogoo?
(000000000000 100000000)

kubo (http://goo.gl/76c4i) dooooooooo (2) 2018-01-23 40/81


http://goo.gl/76c4i

GLMODODOOOoDOoooooo! How to design hierarchical models

000 — 000 (overdispersion)
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e
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T T
2 4 6 8

ooooooo y,;

e JO000ODOOOOOOOSOOODOOODOOO......
e JO0O00DOOODOUDDUOUDDO:OODDOO

e JO0OODOOOO0O overdispersion 0000

e J0000DO0ODDOOUODDODOODOOOOOOD

kubo (http://goo.gl/76c4i) dooooooooo (2) 2018-01-23 41/81


http://goo.gl/76c4i

How to design hierarchical models
Oooooooood. 0ooddddnn

e OO DLDDDLOODLOOLO DOODODODbDDDbDDDO
HRERN

e 100 N;UOUOD oy, OO0DOOOODDODOOOODO

7

N; , .
p(yi | ) = ( )C]g’“(l —q;) Vi

e [JUUDODOOOODOO
e OO UOOOOOOODLDDDODOD U000
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GLMOOOOoOoooooooo! How to design hierarchical models

GLMUOUO: 000000000 OODOOO0O0OOooO

e (100 qizq(zi)DDDDDDDDDD
q(z) =1/{1+exp(—2)} 00O

0.0 0.‘2 0‘.4 0.‘6 0‘.8 1.0

\\\;\\\
6 4 2 0 2 4 8

e DDUOD zy=a+r, 000
e 0DDDD e OOO0OO0OO
e JO0ODDOO r: 00 +0000 (ODO)
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How to design hierarchical models
oot gdoooooodogd

Jotdotdod >tgbogbogbod

e lO0UOOUDDOOUODDLDDUOUDLDDLOUOOOn
101 O (CLD {Tl,Tg,"',Tlgo})DDDDDD ......

e JJ0J000OODO /ODDODDODDODOOODDDDDOO
0! (0o00000oooooog)

Jdododododgodogo
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GLMOOOOoOoooooooo! How to design hierarchical models

suppose {r;} follow the Gausssian distribution

{r;} 000000 DOODOOOODOOOO

W\ os=1.0
:
[}
/ 1V \s=15
7 : ™
\ s=3.0
T T T ! T T 1
-6 -4 -2 0 2 4 6
ooo r;

[

2
) _ '

s 1) = s e (5 )

O0o0o0Oo p(r; |s)0 , 00000000 0OOOOOOOOOOOO

ubogbobbodobr, 00bogbuobobobboobobbadir
gbooobobooboobooboboboobooob
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{&{AX 1 data

E{X 2 data
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random effects fixed effects

Ooo0oooboobobobobooo?

kubo (http://goo.gl/76c4i) dooooooooo (2) 2018-01-23 50/81


http://goo.gl/76c4i

GLMOOOOoOoooooooo! How to design hierarchical models

oot otuogon

(B)0DODOOOOO (C)oooooo
a, s {ri}
sgoogd

[\ coo.

-4 -2 0 2 4 -4 -2 0 2 4
ogooooono
gogoooo ooogo
0ad
global
gooooboooooooon oon ogoooooo
local
gooooooooood god goooono
000000ooooO (2) 2018-01-23 51/81

kubo (http://goo.gl/76c4i)


http://goo.gl/76c4i

How to design hierarchical models
HRERN {7“7;} 0ol sooooooond

ns=1.0
:
1
/1 \s=15
o
A\ 5s=3.0
T T T } T T 1
6 -4 2 0 2 4 6

e sOO0ODOODODOO0ODOODODO

e J00 sOO0O0OO0OO ODOOOOOO (non-informative prior) O
ggd

e J000DODONOOOOOODO<s<10*0000000000

kubo (http://goo.gl/76c4i) dooooooooo (2) 2018-01-23 52/81


http://goo.gl/76c4i

How to design hierarchical models
0ol « OO0O0OOOOO

0.1 02 03 04

0.0

(00 0; 0000 1)}

oooodao

HoOoOooO

(G0 0; 0001 100)

000000 (logit) U0 « OO0ODO0OODOOOOOOOO

kubo (http://goo.gl/76c4i)

0oO0o0O0ooooo (2)

2018-01-23

53/81


http://goo.gl/76c4i

How to design hierarchical models
ooooood. dodddddn

bbdd - 0ooboobbooboobo

T—% EFMEDNSS
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. U uouodooon

How to use JAGS sampler?

RO «000O0”000JAGSOOO
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model
{
for (i in 1:N.data) {
Y[i] ~ dbin(q[il, 8) F—5 BFENDSS

Y[i]l &R

logit(q[il) <- a + r[i]l =~
} e, ZIEDTE e DIERZE
a ~ dnorm(0, 1.0E-4) ek O < r Ll <o

e ERIDTH
for (1 in 1:N. data) { SEFELENI T g hyper S (B {KZE D
' ~ ~ s‘yparameter ‘ri ,5 ) ﬂé

r[i] ~ dnorm(0, tau) RIEREGHE 1 [

) e WEERERT DR
(BERTH )

tau <- 1 / (s * 8)
s 7 dunif (0, 1.0E+4)
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JAGS 00 0D0OD0O0O0OD0OOD0ODODO

> source("mcmc.list2bugs.R")

# Jooooooooo..

> post.bugs <- mcmc.list2bugs(post.mcmc.list) # bugs 00O OO0

3 chains, each with 4000 iterations (first 2000 discarded)
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ao
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104
*r 0 4
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3.5

S3

* ar_|’£9 thcated Br laf ofgp;E'g 2+
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80% i\ tgyal {fr egch £} ain] R]—hﬁtz_', medians and 80% intervals

A

iy
i b gt et (R
* bt w ‘ tt ‘ * t

12345678910 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
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bugs U0 UOOOOO post.bugsU 0O

e print(post.bugs, digits.summary = 3)
e 000D 9%% 00000O0ODOOOOOO

3 chains, each with 4000 iterations (first 2000 discarded), n.thin = 2
n.sims = 3000 iterations saved
mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff

a 0.020 0.321 -0.618 -0.190 0.028 0.236 0.651 1.007 380
s 3.015 0.359 2.406 2.757 2.990 3.235 3.749 1.002 1200
r[1] -3.778 1.713 -7.619 -4.763 -3.524 -2.568 -1.062 1.001 3000
r[2] -1.147 0.885 -2.997 -1.700 -1.118 -0.531 0.464 1.001 3000
r[3] 2.014 1.074 0.203 1.282 1.923 2.648 4.410 1.001 3000
r[4] 3.765 1.722 0.998 2.533 3.558 4.840 7.592 1.001 3000
r[5] -2.108 1.111 -4.480 -2.775 -2.047 -1.342 -0.164 1.001 2300

oo
r[99] 2.054 1.103 0.184 1.270 1.996 2.716 4.414 1.001 3000
r[100] -3.828 1.766 -7.993 -4.829 -3.544 -2.588 -1.082 1.002 1100
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® post.mcmc <- to.mcmc(post.bugs)
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statistaical models appeared in the class
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6. U oouuoobuouooooobood

individual effects + block effects

ob0 “cob”dbobobobobooon
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oooood. oot

e JUOUOODOOOUDODLDOO w, UOODOUODLODOOO
0o
e JOD0 1000000 1I00D0D0DODOOO (OO 10000)
e J0O0ODD (f;=C)50 (00 5000)
e 000ODDOO (f;=T)50 (00 5000)
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eoco JUUO0OOUOUULObOODODODDULOO v, UUULOODO
goboood

e 00 1000000 100DODODODOOOOOO (DO 100
0o)
e 000000 (f;=C)50 (00 5000)
e 0000000 (f;=T)50 (00 5000)
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Oo0ooooooooodnddn

> d <- read.csv("dl.csv")

> head(d) e idU: 0000

id pot f£ {1?273a"' 7100}

11 AC 6 e pot0: 0000 {A, B, C,
2 2 AC 3 Rt

3 3 ACHI ef0:00: 000000 C,
4 4 AC 5 o0 T

5 5 AC 0

eyD:000 (0DDDOD)

6 6 ACI19
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oooooooooooo!
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FANT AA |
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o_| |

| AAA %&%D %mw i

100

d$|d

® plot(d$id, d$y, pch = as.character(d$pot), ...)
e JOIDDOODO DOOODOODOO?Y
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OD00000O0o00o0ooooooo?
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1
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® plot(d$pot, d$y, col = rep(c("blue", "red"), each = 5))

e 00000 random effects DO OO OO0 ooooo
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(DOooDO)booooooooooooo
ogooogd
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GLM: 000000000000

> summary(glm(y ~ f, data = d, family = poisson))

L@
Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.8931 0.0549 34.49 < 2e-16
fT -0.4115 0.0869 -4.73 2.2e-06
L@)...

e JJUIU0UDODO (f)DODLDDOOODOODODODO?
e AICODODOODOOODDODODOOODOO
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GLMM: 00000000 OOOOOO0OO0

> library(glmmML)
> summary(glmmML(y ~ f, data = d, family = poisson,
+ cluster = id))
L@
coef se(coef) z Pr(>lzl)

(Intercept) 1.351  0.192 7.05 1.8e-12
fT -0.737 0.280 -2.63 8.4e-03

N (ED I

e JODODOODO?
e JODOOODOOOODDOODO?
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O00000000 - O0O00bOo0ooooooao!

e ‘J00ODODOOOODDOO™, “DOOODDODOOOO
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e 000000 ODODODOODOODOUOD “DODOOO
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“ROO” OOOO! Use JAGS!

eROODODOD GLMM UOOOOODODOODOODO
goog ...

® library(glmmML) O glmmML()
® library(lme4) O lmer()
® library(nlme) 0 nlme() (0OOOODO)

e 00 ODODODODO GLMMOOODODO
O +0000000000000000000020
000 (0000000000 ooo)

e DU UUOOOOLDOLDOULOUOOLDDLDbDDOOO
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000 4+ 0000000000O0000O00000

e 0000 log00000O0ODO
e 0D0ODOO log(\) =a+bfi+ (00D0)+(000O00)
e JOOODODODO

e N0eD0 0000000000000 (OO ODOOOOO)
e JJ0J00D0DOODOOOODODOODODO (UUDODOOODO oy, 09 [
gboooogobooon)

e 0000 0, 0D0DDDDOODO (0,10 DDOOMO)
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OO0o0oooooooddnddnn

F—4 F—8 (REAZER)
SEAOEFHRYLNE  HEIRME Fli]
p BASE

‘/// rp[Pot[i] ] <.,
K7V DT Bz

"It lambda[i] €— Tl[i] =
FEESaIN 7FE BEEEH ?ﬁ
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000 +000000000000000 BUGS code (1)

model
{
for (i in 1:N.sample) {
Y[i] ~ dpois(lambdali])
log(lambda[il) <- a + b * F[i] + r[i] + rp[Pot[il]
}
# 00000000000000000

e J00OODODOO fe{c, T} 0O0DO0O0OO FILlDO 0, 10000
0o

e Pot[il] O 1, 2, ..., 100000000 0C0ODOOOOOOODO
oooooooo rpl...] DOODOO
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000 4+ 00000000000000O00 BUGS code (2)

# 00000000000
a ~ dnorm(0, 1.0E-4) # OO
b ~ dnorm(0, 1.0E-4) # OOOOO
for (i in 1:N.sample) {
r[i] ~ dnorm(0, taul1]) # 0O0O0O
}
for (j in 1:N.pot) {
rp[j] ~ dnorm(0, taul2]) # ODOODO0O (UOODDO)
}
for (k in 1:N.tau) {
taulk] <- 1.0 / (sigmalk] * sigmal(k]) # 00000000000
sigmal[k] ~ dunif (0, 1.0E+4)

3
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Ooood (DDDDDD b) Ooooa?

0.0 0.1 0.2 0.3 0.4 0.5

T T T T 1T T
0 200 400 600 800 1000 4 3 210
Iterations N'=1000 Bandwidth = 0.149

T
2

mean sd 2.5% 25% 50% 75%  97.5% Rh
a 1.501 0.529 0.482 1.157 1.493 1.852 2.565 1.0
b -1.016 0.706 -2.436 -1.476 -0.993 -0.565 0.395 1.0
sigmal[1] 1.020 0.114 0.822 0.939 1.014 1.089 1.265 1.0

L@

gbooobooboboboobobooboboboo
obooooobDooocobOobooooboon
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Oooooooooooooo!

e randomeffects O 00 OOOOOOOOOOO
U

e random effects 00000000000 MOfixed
effects D00 00O0O0OO0OOOOO0—0OO0O0ooOooOooO
oo duoouodgoooodgooodd
o000

e J00U0DODODOULODUODUODODODOY

e[ 0OUOOLOOODLOOLOUOLOUODLDOOUONO
gooobbbudoooobboooooboobbod
Jobooooooboooooon
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Ooooood:. dooooooddddn

L ggoogbooubogboogbnd
2.00000000000D00O000 (GLM)
3. 00000 GLM

4. MCMCOOOOOOOOO
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